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Abstract
Background: While numerous articles on Criterion® have been published and its validity
evidence has accumulated, test users need to obtain relevant validity evidence for their
local context and develop their own validity argument. This paper aims to provide
validity evidence for the interpretation and use of Criterion® for assessing second
language (L2) writing proficiency at a university in Japan.
Method: We focused on three perspectives: (a) differences in the difficulty of prompts
in terms of Criterion® holistic scores, (b) relationships between Criterion® holistic scores
and indicators of L2 proficiency, and (c) changes in Criterion® holistic and writing quality
scores at three time points over 28 weeks. We used Rasch analysis (to examine (a)),
Pearson product–moment correlations (to examine (b)), and multilevel modeling
(to examine (c)).
Results: First, we found statistically significant but minor differences in prompt
difficulty. Second, Criterion® holistic scores were found to be relatively weakly but
positively correlated with indicators of L2 proficiency. Third, Criterion® holistic and
writing quality scores—particularly, essay length and syntactic complexity—significantly
improved, and thus are sensitive measures of the longitudinal development of L2 writing.
Conclusion: All the results can be used as backing (i.e., positive evidence) for validity
when we interpret Criterion® holistic scores as reflecting L2 writing proficiency and use
the scores to detect gains in L2 writing proficiency. All of these results help to
accumulate validity evidence for an overall validity argument in our context.
Keywords: Validity argument, Automated essay scoring, Rasch analysis, Multilevel
modeling, Holistic scoring, Essay length, Syntactic complexity
Background
Automated essay scoring systems—including Criterion®—have been extensively researched,
and their applications have spread from scoring high- and low-stakes writing exams to
evaluating essays in the classroom for summative and formative purposes (e.g., Elliot &
Williamson, 2013; Shermis & Burstein, 2013; Xi, 2010). Although previous studies have ac-
cumulated multiple pieces of validity evidence for the interpretation and use of Criterion®,
validity evidence for local users is essential to interpret and use test scores in a meaningful
way. We intend to provide such evidence in the context of assessing writing proficiency at
a university in Japan.
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Literature review
Criterion® uses the e-rater® automated scoring system developed by the Educational
Testing Service (Burstein et al., 2013). Upon submission of an essay, Criterion® instantly
produces a holistic score of 1 to 6 and presents a Trait Feedback Analysis report that
suggests areas of improvement in Grammar, Usage, Mechanics, Style, and Organization
& Development in the form of graphs and color-coded texts. If teachers allow, a
student can access to planning tools, the scoring guide, sample essays that had received
scores of 2 to 6, and the Writer’s Handbook in Japanese that explains difficult terms
and provided good examples.
Along with the increasingly wider applications of Criterion®, numerous studies
have been conducted from various perspectives, which is well summarized in Enright
and Quinlan (2010). For example, they reported that machine-scored Criterion®
scores were correlated highly with human scores (e.g., r = .76), and that machine-
generated scores based on two independent essays (e.g., r = .80) were correlated more
highly than human-generated scores based on the same essays (e.g., r = .53; see also
Li et al., 2014).
While these types of evidence are invaluable to evaluate the validity related to
Criterion® in general, test users need to evaluate its validity in their local context.
Chapelle (2015) emphasized the importance of developing one’s own localized
validity argument considering one’s test purposes and uses. For this aim, we
examine the validity of the interpretation and use for assessing second language
(L2) writing proficiency at a university in Japan, when the interpretation and use
are made based on scores derived from Criterion®. We investigate this from three
perspectives: (a) differences in Criterion® holistic scores due to prompts (prompt
difficulty), (b) relationships between Criterion® holistic scores and indicators of L2
proficiency, and (c) longitudinal changes in Criterion® holistic and writing quality
scores. These areas are related to three types of inferences and are crucial in our
context. This is because we are interested in comparing scores derived from
different prompts, interpreting scores as indicators of L2 writing proficiency, and
examining score changes before and after instructions. While these three perspec-
tives are part of many types of validity evidence, providing them would be a step
forward to a convincing validity argument (see Bachman & Palmer, 2010; Chapelle
et al., 2008, 2010; Kane, 2013, for comprehensive validity argument-based
frameworks).
With regard to score differences due to prompts, Weigle (2011) examined effects of
the Test of English as a Foreign Language (TOEFL) Internet-based test (iBT®) inde-
pendent task prompts and rater types (human scoring vs. machine scoring done by
the same e-rater® engine as Criterion®) on holistic scores. She found nonsignificant
and negligible effects of prompts and an interaction between prompts and rater types
and a significant but small effect of rater types (partial η2 = 0.003, 0.001, and 0.030,
respectively). While the task prompts she used were similar to Criterion® prompts,
her participants were 386 L2 English learners at universities in the U.S. with a small
number of Japanese learners of English (6.48 %, 25/386), and their overall proficiency
levels seemed higher than our students. Additionally, two prompts may not be suffi-
cient in number, and more prompts are needed for rigorous investigation. Further-
more, other L2 writing studies such as Nagahashi (2014) and Cho et al. (2013)
Koizumi et al. Language Testing in Asia  (2016) 6:5 Page 2 of 26
demonstrated that the difficulty of different prompts vary, which necessitates more
investigation on this topic.
Relationships between Criterion® scores and indicators of L2 proficiency have also
been examined. Weigle (2011) reported correlations of automated e-rater® scores with
self-evaluation, teacher evaluation, and writing scores based on essays written in nont-
est contexts of 368 students at universities in the U.S. It was found that the strength of
correlations were small in most cases, with the highest correlation (r = .41) between
automated scores and L2 writing language-related scores based on essays written in
English courses (in contrast with courses of their major). There was also a small
correlation (r = .36) between automated scores and self-assessment of L2 writing
ability. Enright and Quinlan (2010) reported moderate correlations between
automated e-rater® scores and TOEFL iBT® scores of integrated writing, reading,
listening, and speaking (r = .59 to .61; participants’ details are not reported). These
correlations were not high, but were similar to those between single-human ratings
and indicators of L2 proficiency (r = .56 to .61).
Lastly, longitudinal changes in Criterion® holistic and writing quality scores have
been investigated across time points before and after the L2 instruction by studies
using Criterion® holistic scores and/or other scores (see Table 1). Ohta (2008a),
Hosogoshi et al. (2012), and Tajino et al. (2011) used Criterion® holistic scores, and
Ohta (2008a, 2008b), Hosogoshi et al. (2012), and Li et al. (2015) used writing
quality measures derived from Criterion® Trait Feedback. All the studies mentioned
above reported significant improvement in Criterion® holistic and other writing
quality scores. For example, Ohta (2008a) conducted a 16-week instruction using
Criterion® to 43 university students in two TOEFL preparation classes in Japan and
compared two essays of different prompts. The results of t-tests showed that Cri-
terion® holistic scores and the number of words in the essays increased among stu-
dents with TOEFL Institutional Testing Program (ITP®) scores of 500 or above, but
that they did not increase among students with those of below 486. Ohta (2008b)
used the same data as in 2008a study and analyzed the essays written by 25 stu-
dents who submitted all the assignments from the viewpoint of vocabulary, accur-
acy, and organization. She reported significant increase of the number of words
they wrote and improvement in overall organization.
Previous studies, as can be seen in Table 1, have provided valuable insights into the
capability of Criterion® in detecting changes in writing. However, two points need to
be noted. First, all previous studies had only two time points to collect data. It is pref-
erable to measure writing three or more times, which would enable us to examine
clearer patterns of score change over time and obtain stronger evidence to argue for
the utility of Criterion® as a sensitive measurement tool for detecting long-term
changes in L2 writing proficiency.
Second, all the previous research has used repeated t-tests or analyses of variance
(ANOVAs), sometimes along with effect sizes. Some previous studies (e.g., Ohta,
2008a) did not consider a nested structure of their data in which students belong to
different classes. Data are nested when data at lower levels are situated within data
at higher levels. For example, in longitudinal analysis, scores are nested within stu-
dents, and students are usually nested within classes. In previous studies, student
data from different classes were combined into one group for analysis. However, this
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Table 1 Previous studies comparing Criterion®-generated scores before and after L2 instructions






Analysis of writing quality (Use of
Criterion® and/or other measures)
Statistical analysis
(time points)






16 weeks (yes) Different Yes Yes (Criterion®) t-test (2) Higher scores & longer essays for students





16 weeks (yes) Different No Yes (Criterion® + other measures) t-test (2) Longer essays; better organization
Hosogoshi et al.
(2012) [74a]
University in Japan; peer
feedback + revision
2 weeks (yes) Same: first vs.
revised essays
Yes Yes (Criterion® + other measures) ANOVA (2) Higher scores; fewer mechanical errors;








Different Yes No t-test (2) Higher scores
Li et al. (2015)
[70]
University in the U.S.;
instruction
Unknown (no) Same: first vs.
revised essays






28 weeks (yes) Different Yes Yes (Criterion®) Multilevel
modeling (3)
Note. Nested? = Yes, if there is a nested structure in the data in terms of the classes or grades to which the participants belonged. [ ] = N. aThey selected and analyzed those whose holistic scores increased by one or













approach ignores plausibly unique characteristics of classes—for example, that they
are proficiency-streamed or have different emphases in teaching or group dynamics
caused by individual differences and interactions among class members—so it is
expected that students in the same class behave more similarly than those in differ-
ent classes. This analytical problem can be avoided by modeling a nested structure
of contexts where students are situated under a class. This can be achieved by using
generalized linear mixed modeling or, more specifically, multilevel modeling, which
is also called hierarchical linear modeling, mixed-effects modeling, random-effects
modeling, and others (see Barkaoui, 2013, 2014 and Cunnings, 2012, for other
features and advantages of this method). We use the term “multilevel modeling”
hereafter.
Current study
To provide validity evidence for the interpretation and use of Criterion® as an
assessment tool, we address the following three research questions.
1. To what extent are Criterion® prompts similar in terms of difficulty?
(Generalization inference)
2. Are Criterion® holistic scores positively related to indicators of L2 proficiency?
(Extrapolation inference)
3. Can Criterion® holistic and writing quality scores show changes in writing over
time? (Utilization inference)
The three research questions were categorized according to Chapelle et al.’s (2008)
and Xi (2010) argument-based validity framework, which consists of Domain Definition
(or Representation), Evaluation, Generalization, Explanation, Extrapolation, and
Utilization inferences, three of which were relevant to the current study. In the
argument-based validity framework, researchers first formulate an interpretive argu-
ment (or a framework to examine a test and provide justification for test interpretation
and use), which includes inferences, warrants, assumptions, backing, and rebuttal. To
claim that a test is sufficiently valid to interpret and use the test scores for its intended
purposes, we need to clarify inferences and each inference needs to be supported by a
warrant or “a law, generally held principle, rule of thumb, or established procedure”
(Chapelle et al., 2008, pp. 6–7). There are assumptions behind the warrant, and each
assumption is supported by adequate positive evidence (i.e., backing) or questioned by
negative evidence (i.e., rebuttal). After setting the interpretive argument, researchers
perform logical and empirical investigations and obtain backing and/or rebuttal. They
then evaluate the interpretive argument structure along with the backing and rebuttal
obtained, and make a validity argument in the test users’ context (see Kumazawa
et al., 2016, and Koizumi et al., 2011, for an overall validation procedure). In our
case, we focus on three inferences, each of which has one warrant, one assump-
tion, and one piece of evidence to justify the inferences and to eventually make
the validity argument in our context.
Research Question 1 is related to the Generalization inference in the validity frame-
work because prompts of similar difficulty can be used as parallel prompts and lead to
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the possibility of generalizing the result from one prompt to another. Although the
Generalization inference is usually associated with reliability issues, it also deals with
the parallel nature of tasks and test forms (Chapelle et al., 2008, p. 20).
Research Question 2 is associated with the Extrapolation inference because positive
correlations support the inference of extrapolating the results of Criterion® holistic
scores to L2 (writing) proficiency used in L2 use contexts.
Research Question 3 is related to the Utilization inference because if L2 writing im-
proves over time, Criterion® scores should be able to detect the improvement and be
sensitive enough to be used as a measure to show score gains of test takers. Research
Question 1 is examined in Study 1, whereas Research Questions 2 and 3 are examined
in Study 2.
Each of these three research objectives characterizes our study as unique, compared
with previous studies. First, we use more prompts than Weigle (2011) to examine
prompt differences. Second, we use several test indicators (e.g., TOEFL iBT® scores)
and one nontest indicator (i.e., self-assessment) of L2 proficiency to examine correla-
tions with Criterion® holistic scores—for example, Weigle (2011) examined only nontest
indicators. Third, we examine changes in scores over three periods, using multilevel
modeling to consider the nested structure of the data.
Study 1 (for Research Question 1)
Method
Participants
There were two groups of participants (N = 363): (a) a first- to third-year university
student group (n = 333) who wrote on two essay prompts and (b) an external group
who wrote on all four essay prompts (n = 30; see Table 2 for the study design). We
assigned only two prompts for the university student group, to shorten the test-
taking time and thus reduce the burden of the test taking. Those who did not take
all assigned prompts or who were native speakers of English were not included in
the analysis.
The university student group majored in medicine at a private university in Japan.
They wrote Criterion® essays for the first time as part of their English lesson. After a
teacher explained characteristics and procedures of Criterion®, they wrote on two
prompts in one lesson.


















External group (n = 30) ✔ ✔ ✔ ✔
Note. Essay writing conditions: 30-min time limit; show warning when 5 min remain; Spell Checker available; allow students to
make a plan before working on Criterion®; limit students to 1 submission (so they can read feedback but not revise the essay)
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The external group did not belong to the university to which the university student
group was affiliated. This group was composed of adult Japanese learners of English,
including 13 undergraduate and 10 graduate students, 6 English teachers, and 1
professional who used English for business, with a wide range of proficiency from be-
ginning to advanced levels; their initial Criterion® holistic scores ranged from 1 to 6
(the whole score range). This group was recruited to participate in the study and
given a 2000-yen prepaid card upon completion of the task. This group was included
to stably equate the scores on the same scale using Rasch analysis (see Kolen &
Brennan, 2004, for test equating). Each external group member read the instructions
for Criterion® and completed the four essays at their own pace within a week.
Instruments and procedures
The Criterion® tests were all timed (30 min), and the participants were not allowed to
use dictionaries or ask for help. Prompts were selected from expository mode prompts
in the TOEFL level category in the topic library provided in Criterion®. All the partici-
pants wrote the Prompt 1 essay first. In the external group, the order of Prompts 2 to 4
was counterbalanced to avoid order effects; Prompt 1 was not counterbalanced to align
with the condition of the other group.
Analysis
To examine Research Question 1, we analyzed the participants’ Criterion® holistic
scores. We used a concurrent calibration equating method with Rasch analysis (with
Facets, Version 3.71.4; Linacre 2014), which estimates students’ ability and prompt
difficulty at the same time on a single, comparable scale (see Bond & Fox, 2015 and
Eckes, 2011, for the Rasch model).
We then examined whether there were misfitting tasks (in this case, prompts) or
persons using an infit mean square between 0.5 and 1.5 as the benchmark for tasks
and persons fitting the Rasch model (Linacre 2013). We did not consider it problem-
atic if there was an overfit (i.e., an infit mean square of below 0.5), because this shows
that the tasks and persons fit the model better than expected and therefore are redun-
dant. We did not also consider problematic an infit mean square between 1.5 and 2.0,
because the item or person is “unproductive for construction of measurement, but
not degrading” (Linacre 2013, p. 266). We examined response patterns when the value
exceeded 2.0 because such a task or person “distorts or degrades the measurement
system” (p. 266).
Results
An analysis of 363 participants’ data shows there were no misfitting prompts but
some misfitting (all underfitting) test takers: 14 test takers fit the Rasch model,
244 test takers (67.22 %) had infit mean squares of less than 0.50, 66 test takers
(18.18 %) had infit mean squares of over 1.50, and 39 test takers out of 66
(10.74 %, 39/363) had infit mean squares of over 2.00. Close inspections of unex-
pected responses (reported if standardized residual ≧ 2.00) from underfitting candi-
dates (n = 21) indicated that responses related to Prompt 1 seemed problematic: 19
had very different scores between Prompt 1 (the first prompt) and the second
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Fig. 1 (See legend on next page.)
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prompt; 14 out of 19 had lower scores in Prompt 1 than in the second prompt
and they seemed not to have used their proficiency to the fullest, due to the lack
of motivation or unfamiliarity with the Criterion® procedures. Five participants out
of 19 had higher scores in Prompt 1 and they seemed not to have used their profi-
ciency to the fullest in the second prompt probably because they felt tired after
writing Prompt 1. All these unexpected responses from university students (n = 15)
were excluded (because excluding Prompt 1 leaves only another prompt, which
does not much contribute to the estimation), whereas only responses to Prompt 1
were excluded from the external group (n = 4).
After the reanalysis (n = 348), there were still 256 overfitting test takers (73.56 %)
and 47 underfitting test takers (13.42 %) with infit mean squares of over 1.50. We had
22 underfitting test takers (6.29 %) with infit mean squares of over 2.00 but they had
infit z-standardized values of less than 2.00 except for one participant, which suggests
no problems. Among the underfitting test takers, most (91.49 %; 43/47) were univer-
sity students. One of the reasons of underfit may be because they wrote only two
prompts; minor differences between two responses from the test takers seem to have
been detected as misfits.
In this analysis of 348 test takers’ data, 89.40 % of the score variance was explained
by Rasch measures, which suggests strong unidimensionality, which is one of the
assumptions in Rasch analysis (see Fig. 1 for the relationship between participants’
ability and prompt difficulty on the logit scale).
We found that person reliability and prompt reliability were high (.72 and .95).
According to Bond and Fox (2015) and Linacre (2013), person reliability is conceptually
the same as internal consistency in classical test theory (CTT), as often reported by
Cronbach’s alpha. It demonstrates how varied test takers’ responses are and to what extent
the ordering of test takers is consistent in terms of ability. Prompt reliability has no
equivalent concept in CTT and demonstrates how varied prompts are and to what extent
the ordering of prompts is consistent in terms of difficulty. We can interpret that the
higher both reliabilities are, the better. Table 3 shows Observed averages, that is, the

















2 131 3.53 3.01 1.52 0.28 0.86 0.97 2.07
1 337 3.18 3.03 0.42 0.17 0.93 0.09 0.75
3 133 3.46 3.08 −0.59 0.26 0.94 −1.10 −0.08
4 139 3.24 3.16 −1.35 0.24 1.07 −1.82 −0.88
Mean 185 3.35 3.07 0.00 0.24 0.95 – –
SDa 87.8 0.15 0.06 1.08 0.04 0.07 – –
Note. SE = Standard error. MnSq =mean squares. apopulation. Separation = 4.31; Reliability = .95. Model, Fixed (all same)
chi-square = 70.8 (df = 3), p < .01
(See figure on previous page.)
Fig. 1 Wright map for participants and prompts (n = 348). Ss = Participants; * = 6 participants; . = 1 participant.
Seventeen participants with measures of above 11.00 and 10 participants with measures of below −16.00 were
omitted from the figure. Higher values mean higher ability in the second column and more difficult prompts in
the third column
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means of the raw scores of each prompt, whereas Measures show prompt difficulty values
on the Rasch logit scale (with the mean of 0 and with positive values indicating more diffi-
cult prompts) after the Rasch model took participants’ ability into account. Fair averages
indicate prompt difficulty values converted into the original scale from 1 to 6. Due to the
adjustment to the scores, Prompt 1 was the most difficult when we looked at the observed
average, whereas it was the second most difficult in the fair average.
The difficulty estimates of Prompts 1 to 4 varied from −1.35 to 1.52 (M = 0.00,
SD = 1.08) on the logit scale, while participants varied substantially (Measure M = −2.46,
SD = 9.51; this is not shown in Table 3). Since all test takers wrote on Prompt 1 (Total
count = 337), standard error was lower (SE = 0.17). Prompt 4 was the easiest (−1.35),
followed by Prompts 3 (−0.59), 1 (0.42), and 2 (1.52) in the order of difficulty. A
significant fixed chi-square value indicates that prompts were statistically different.
Separation was 4.31, meaning four prompt difficulty could be separated into four
groups. Using a formula “Measure ±1.96* Model SE,” we calculated 95 % confidence
intervals (CIs) of the measure (see Columns 9 and 10). For example, Prompt 2 had a
CI of 0.97 to 2.07, meaning that when we make 100 trials, at 95 times, a range of 0.97
to 2.07 includes the actual Prompt 2 difficulty. Overlaps of these CIs indicate the
following order of prompt difficulty, Prompt 2 > Prompt 1 > Prompts 3 and 4, with
Prompt 2 being the most difficult prompt. However, when we look at the fair aver-
ages, the difference between Prompts 2 and 4 were minor (3.16 − 3.01 = 0.15). Still, a
small difference may sometimes influence the results when we discuss minor differ-
ences, so this will be taken into consideration in Study 2. In sum, Study 1 shows that
while the four prompts differed in difficulty, the differences were minor. This is posi-
tive evidence of validity and suggests the high generalizability of students’ writing
proficiency across tasks.
Significant but only small differences across prompts accord well with Weigle (2011),
which we reviewed above. Furthermore, the difficulty of Prompt 1 may also have been
affected by the order of prompts because all test takers wrote on Prompt 1 first, while
Prompts 2 to 4 were counterbalanced in the external group, and the university student
group wrote the essays on one of the three prompts as the second prompt (see
Instruments and procedures).
Study 2 (for Research Questions 2 and 3)
Method
Participants
We analyzed data from 81 participants who were first-year university students majoring
in medicine at a private university in Japan, and wrote on two essay prompts on three
occasions (see Table 4). The test data in Time 1 was also used for Study 1.









Time 1: Pretest, May ✔ ✔
Time 2: Posttest 1, July ✔ ✔
Time 3: Posttest 2, December ✔ ✔
Note. Prompt 1 was not analyzed in Study 2
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Instructions
The 81 students took the TOEFL ITP® test in April and were placed into five
proficiency-stratified courses. They took three required courses (each consisting of a
90-min class per week) of general English for 9 months (from April to January): two
courses focusing on receptive and productive skills, respectively, and one course for
preparing for the TOEFL ITP® and iBT®. All teachers were allowed to conduct classes
according to their teaching principles.
The students took the TOEFL ITP® test twice to assess the growth of their L2
English proficiency, as well as for administrators and teachers to evaluate the ef-
fectiveness of the English program and to place the students into English
proficiency-stratified classes. Additionally, the students needed to obtain a TOEFL
ITP® score of 475 or above OR a TOEFL iBT® score of 53 or above to advance to
the second year. Thus, they were motivated to meet the requirement and increase
their proficiency. One of the goals of English language education at the university
was to foster future doctors’ English proficiency so that they could go abroad for
clinical training and perform well in medical examinations in Japan or abroad.
The study was conducted in a naturalistic classroom environment using intact
classes of TOEFL preparation courses. The students belonged to one of the five
English proficiency-stratified classes (Classes A to E, with Class A aimed at the
most proficient students) determined by their TOEFL ITP® test scores. They not
only wrote the essays as a test, but also used Criterion® as a learning tool. This
course was taught by four Japanese teachers (one for each class, with the same
teacher assigned to both C and D). The students received writing instruction using
Criterion® for 28 weeks in order to prepare for the TOEFL iBT® writing section.
Criterion® was selected for use because (a) the same scoring engine e-rater® is used
for the TOEFL iBT® writing section and Criterion®, (b) the students could practice
with the same task format in Criterion® that is used in the independent writing
tasks in TOEFL iBT®, and (c) Criterion® offers efficient and consistent feedback.
Criterion® was used from May to December in 2013, with a 1-month summer vac-
ation interval. The students were also encouraged to use it outside of class.
All the teachers in the Criterion® course were encouraged to use the same
PowerPoint slides for the instruction prepared by the teacher of Class E. The slides
began with a description of the features of Criterion®, how to write and submit
essays, how to read feedback from Criterion® and their teacher, and how to revise
the essays based on the feedback. While the teachers were free to set assignments
by themselves, most used the assigned tasks set by the Class E teacher, who
allowed a maximum of five revisions (in addition to the original submission). After
the instruction, we asked the teachers via e-mail what aspect they had focused on
and how they had carried out the instruction.
To characterize each class instruction, we coded the number of prompts the
students wrote, the number of revisions they made, and the amount of feedback
they received from their teachers. These codings were conducted for each student,
using the information recorded in Criterion® and a teacher survey. Two of the
authors independently coded the data of one-third of the 81 students. The agree-
ment ratios were high, from 97.56 to 100.00 %. The remaining data were coded by
the first author. Table 5 shows that the students in each class received rather
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different instruction. For example, the Class A and Class E students were assigned
the similar number of prompts and revisions (5.00 and 6.06 for Class A vs. 4.86
and 6.64 for Class E), but the Class A students received less teacher feedback than
the Class E students (1.94 vs. 4.07). The types of feedback depended on the
teachers. For example, some focused on organization, others focused on coherence
of the argument, others mentioned both major and minor linguistic errors, and yet
others focused on only major ones.
Procedures
The students took Criterion® as an exam on one of the class days before the instruction
(Pretest, Time 1), after 8 weeks of instruction (Posttest 1, Time 2), and after 28 weeks
of instruction (Posttest 2, Time 3).
We created two additional Criterion® accounts for each first-year student for the July
and December administrations so that the students could not copy their old essays.
They were discouraged from searching for similar essays online and copying them. The
students knew that their Criterion® score would be part of their grade.
To assess self-assessment of L2 writing proficiency, we also administered in
Times 1 and 3 a questionnaire presenting descriptions of real-life tasks and asking
students to what degree they thought each statement fit to their situation on a
scale of 1 to 4 (1 = The description does not fit me at all. to 4 = It fits me well.).
For example, a sample item says I can coherently write an expository writing such
as the one explaining task procedures if I use vocabulary and grammar that are
used in a familiar situation (B1.1 level; Tono, 2013, p. 301). We used Can-Do
statements for writing developed by the CEFR-J (Common European Framework of
Reference, Japan) project members. This project segmentalized six levels into 12
levels (Pre-A1, A1.1, A1.2, A1.3, A2.1, A2.2, B1.1, B1.2, B2.1, B2.2, C1, and C2)
and developed descriptors to each level and skill (Tono, 2013). We used CEFR-J
descriptors because they were empirically developed for Japanese learners of
English. The survey consisted of 20 items that correspond to A1.1 to C2 levels.
Students answered the questionnaire after completing Criterion® essays. The results
of 20 items were averaged and used for analysis.
Table 5 Means and standard deviations of the number of prompts, revisions, and times of online
and written feedback for each class per student in Study 2
Class A Class B Class C Class D Class E Total
N 17 14 18 18 14 81
TOEFL ITP® April 569.47 (21.52) 521.79 (6.89) 501.61 (6.46) 480.89 (6.11) 457.38 (9.86) 507.71 (39.73)
December 568.31 (29.88) 539.00 (18.26) 515.28 (17.98) 499.00 (23.15) 504.93 (22.90) 524.56 (34.02)
TOEFL iBT® total 70.88 (16.73) 64.43 (9.12) 56.22 (8.21) 47.89 (4.79) 47.36 (10.14) 57.33 (13.82)
Writing 17.76 (3.25) 15.93 (2.62) 15.28 (2.32) 13.67 (1.94) 12.79 (3.17) 15.12 (3.14)
Promptsa 5.00 (0.71) 3.43 (0.76) 3.50 (0.71) 2.28 (1.02) 4.86 (1.41) 3.77 (1.38)
Revision 6.06 (2.44) 3.14 (2.21) 3.89 (2.59) 2.89 (2.40) 6.64 (2.02) 4.47 (2.76)
Feedbackb 1.94 (0.43) 0.00 (0.00) 1.00 (0.00) 1.06 (0.24) 4.07 (0.27) 1.57 (1.32)
Note. aThe number of prompts written did not include the number of prompts written on the pretest and posttests.
bWe included the feedback that was provided through Criterion® and that was written on printed sheets by each
teacher, but not the feedback given orally by a teacher; while the degree of spontaneous oral feedback by each teacher
was unknown, the Class E teacher reportedly spent two class periods having face-to-face conferences with every student,
explaining his/her strengths/weaknesses and answering his/her questions
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Analysis
We used Criterion® holistic scores and Trait Feedback Analysis information, which
were recorded in the Criterion® system. For Criterion® scores, we analyzed the second
essay written for each occasion (i.e., Prompt 2 for Time 1, Prompt 3 for Time 2,
Prompt 4 for Time 3), excluding a Prompt 1 essay to avoid the impact of prompt
repetition.
To obtain Criterion® writing quality scores, we computed the following measures: (a)
the number of errors per 100 words (combining errors in grammar, usage, and mechan-
ics; lower values of this measure show higher accuracy), (b) the number of words (to-
kens), (c) the number of words per sentence, (d) the number of transitional words and
phrases per 100 words, and (e) the number of discourse elements (i.e., introductory ma-
terial, thesis statement, main ideas, supporting ideas, and conclusion; with a maximum
score of 5). We considered measure values as scores and also regard each as a rough
indicator of (a) accuracy, (b) essay length, (c) syntactic complexity, (d) transition, and
(e) organization (see Appendix A for example essays).
To examine Research Question 2, we also used TOEFL ITP® (taken in April and
December) and iBT® scores (taken between September and December, but most
students took the test in November or December) and self-assessment scores (in May
and December). They were employed as test and nontest indicators of L2 proficiency.
Reliability of the self-assessment scores in the questionnaire was high (α = .71 for Time
1 and .96 for Time 3), and Pearson product–moment correlations were used to exam-
ine the relationships between Criterion® holistic scores and indicators of L2 proficiency.
To examine Research Question 3, we conducted multilevel modeling. The nested
(i.e., multilevel or hierarchical) structure of the data was modeled using a two-level
multilevel model. The Criterion® scores and time points from Times 1 to 3 were nested
within students. These variables for the participants were at a lower level and consti-
tuted the Level-1 model. The students were nested within classes. The classes were at a
higher level and constituted the Level-2 model (see Fig. 2). We dummy-coded Time 1
as 0 and Time 3 as 2 and Class A—the most advanced—as 0 and Class E as 4. To
examine how the Criterion® scores were predicted using time points and classes, we
tested three sequential models following Raudenbush and Bryk (2002) and Singer and
Willet (2003). We tested the random intercepts and random slopes of the classes,
under the assumption that changes were linear.
An intercept shows the initial status of students (i.e., students’ writing score in Time
1). A random intercept indicates that students’ writing scores in Time 1 vary across
classes and are normally distributed. In the same vein, a slope shows the rate of change
(i.e., the rate of change in students’ writing scores between Time 1 and Time 2, be-
tween Time 1 and Time 3, and between Time 2 and Time 3). A random slope indicates
that such rates of change vary across classes and are normally distributed. If intercepts
Fig. 2 Schematic explanation of the data’s nested structure S = Student. T = Time (holistic or writing
quality scores)
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and slopes are modeled as fixed, it means that students’ writing scores in Time 1 vary
little across classes (everyone has a similar level of writing ability), and that the rate of
change in these scores also vary little across classes (everyone improves their writing
ability at the same speed). Since our participants varied in English proficiency (see
Table 5) and we assumed that they were unlikely to improve their writing ability at the
same speed across classes, we tested random-intercept, random-slope models. We used
full the maximum likelihood estimation method available in HLM for Windows
(Version 7.01; Raudenbush et al., 2011).
Results
Correlations between Criterion® holistic scores and indicators of L2 proficiency
(Research Question 2)
Table 6 shows correlations with indicators of L2 proficiency assessed at the same period
(see Appendix B for the whole matrix). Most of the correlations were relatively weak
but positive, including the correlation between Criterion® holistic scores in Time 3 and
TOEFL iBT® writing scores obtained in a similar period to Time 3 (r = .34; 95 % CI = .13,
.52). This was lower than expected, but the degree of correlations were similar to Weigle
(2011), which had mostly low correlations (r = .15 to .42) between automated scores and
L2 nontest indicators of L2 proficiency, including self-assessment scores. The correlations
were rather weak but positive, and we consider this as positive evidence. This is because
regarding relationships between Criterion® holistic scores and TOEFL iBT® writing scores,
one of the two tasks in the TOEFL iBT® writing was an integrated task whose features
differed from Criterion® (and TOEFL iBT® independent) task. Furthermore, the actual
correlations could be stronger considering errors due to a small sample size, since the
upper limits of the 95 % confidence intervals were within the moderate range (i.e., .40 to
.55). Therefore, Criterion® holistic scores seem to be an indicator of L2 general proficiency
or writing proficiency in L2 use settings. Moreover, although our study had lower correla-
tions than Enright and Quinlan (2010), correlational patterns were similar to theirs.
Correlations between Criterion® holistic scores in Time 3 and TOEFL iBT® speaking and
writing scores obtained around Time 3 (r = .34 and .38 in this study, vs. .59 to .61 in
Enright & Quinlan) were a little higher than the ones between Criterion® holistic scores in
Time 3 and TOEFL iBT® listening and reading scores obtained around Time 3 (r = .20
and .22 in this study, vs. .56 to .58 in Enright & Quinlan). This may indicate that
Criterion® holistic scores tend to assess more productive aspects of proficiency than
receptive aspects.
Table 6 Summary of correlations between Criterion® holistic scores and indicators of L2





































Note. [ ] = 95 % confidence interval. ( ) = n. R = Reading; L = Listening; S = Speaking; W =Writing. If r = .22 or more, p < .05.
See Appendix B for the whole matrix. Results using Spearman’s rank correlations were very similar
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Changes in Criterion® holistic scores (Research Question 3)
Table 7 shows descriptive statistics of scores used for analysis. We tested three
sequential models using multilevel modeling following Raudenbush and Bryk
(2002) and Singer and Willet (2003). First, we tested whether the students’ profi-
ciency differed across classes—thereby testing the need to model the class varia-
ble—and whether the average student’s Criterion® scores varied over time. Model 1
is called a “null model,” or the “unconditional means model” in Singer and Willet’s
term, and is defined as follows:
Model 1:
Level‐1 Model : CRITERIONij ¼ β0j þ rij ð1Þ
Level‐2 Model : β0j ¼ γ00 þ u0j ð2Þ
In other words, no independent variable (i.e., time or class) was entered in Model 1.
Criterion® holistic scores (CRITERION) consisted of an intercept (β0j) and unmodeled
variation (rij) at Level 1 (equation 1). The intercept (β0j) consisted of an intercept (γ00)
and unmodeled variation (u0j) at Level 2 (equation 2). First, the intraclass correlation in
Table 8 (see the last row in Random effects) shows that 44 % of the total variance in
the Criterion® scores was explained by differences among classes (0.27/(0.27 + 0.34)),
exceeding the rule of thumb of 10 % and indicating the need to model the class
variable. This suggests that we could not adopt Model 1, in which the variable of
class was not included, because this model did not work sufficiently well, and
that we needed to model class as a Level-2 variable. In other words, the
remaining 56 % (100 % – 44 %) of the variance was due to Level-1 variables.
Second, the intercept (γ00) was 3.75 (with a standard error of 0.07) and statisti-
cally significant (see the second row in Fixed effects). This means that the aver-
age Criterion® score at Time 1 was 3.75, and this was significantly different from
zero. Figure 3 shows plots of the means for each class. Although the graph ap-
pears to show some more variation across classes than the results from multilevel
modeling, we can interpret the trend as mentioned above when we consider
standard deviations and errors in the data.
The reliability of Model 1 was .71, indicating a substantial impact of Level 2 in Model 1;
the higher the reliability, the more effect Level 2 had on Level 1. This suggests the need to
model the nested structure of data (Raudenbush & Bryk, 2002). Model fit is mentioned in
the explanation of Model 3 below.
Furthermore, time points were added to the Level-1 model to test whether any
changes were observed in the Criterion® scores. Model 2 is called the “unconditional
growth model” by Singer and Willet and defined as follows:
Model 2:
Level‐1 Model : CRITERIONij ¼ β0j þ β1j  TIMEij
  þ rij ð3Þ
Level‐2 Model : β0j ¼ γ00 þ u0j ð4Þ
β1j ¼ γ10 þ u1j ð5Þ
The intercept (γ00) was 3.46 and statistically significant, meaning that the average
Criterion® score at Time 1 was adjusted to 3.46 when time was included, and this was
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Table 7 Means and standard deviations across classes and time points in Study 2
Class Holistic
score










A n = 17
Time
1
M 3.76 4.51 204.35 12.47 2.63 3.94
SD 0.66 3.40 57.98 1.86 1.14 0.66
Time
2
M 4.29 3.75 252.29 14.34 2.95 4.29
SD 0.59 1.35 61.28 2.34 1.03 0.59
Time
3
M 4.59 2.17 284.06 17.33 2.95 4.18
SD 0.62 1.53 60.87 5.45 1.06 0.64
B n = 14
Time
1
M 3.64 5.30 194.29 12.81 3.08 4.07
SD 0.84 3.29 69.83 2.62 1.39 0.47
Time
2
M 3.71 5.52 213.79 13.48 3.75 3.93
SD 0.73 2.64 74.96 1.92 2.02 0.62
Time
3
M 3.93 4.34 246.29 16.14 3.42 4.00
SD 0.92 3.72 78.44 3.39 1.35 0.00
C n = 18
Time
1
M 3.44 6.09 209.67 13.46 3.69 4.17
SD 0.62 2.94 53.38 2.70 1.30 0.62
Time
2
M 3.89 5.65 220.72 13.41 3.73 4.33
SD 0.58 2.08 50.14 2.24 1.07 0.59
Time
3
M 4.06 5.56 256.67 14.33 3.80 4.22
SD 0.54 3.35 41.98 2.79 1.13 0.55
D n = 18
Time
1
M 3.28 9.01 184.89 11.50 4.03 4.11
SD 0.83 5.61 56.44 2.06 1.40 0.58
Time
2
M 3.61 5.30 189.56 11.18 4.20 4.56
SD 0.61 1.69 33.15 1.54 1.18 0.51
Time
3
M 3.72 3.96 212.06 13.23 4.12 3.94
SD 0.83 1.55 61.03 2.44 1.31 0.64
E n = 14
Time
1
M 3.00 8.89 168.64 11.23 4.26 4.21
SD 0.88 3.59 50.74 2.22 1.87 0.58
Time
2
M 3.50 6.51 201.36 12.78 3.68 4.14
SD 0.65 2.27 57.78 2.11 1.51 0.53
Time
3
M 3.71 5.80 223.07 12.56 4.44 4.50
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Table 7 Means and standard deviations across classes and time points in Study 2 (Continued)
SD 0.61 2.81 49.69 2.69 1.19 0.52
Total N = 81
Time
1
M 3.43 6.76 193.30 12.32 3.54 4.10
SD 0.79 4.26 58.09 2.40 1.51 0.58
Time
2
M 3.81 5.30 215.88 13.01 3.66 4.27
SD 0.67 2.16 58.78 2.28 1.40 0.59
Time
3
M 4.01 4.32 244.90 14.72 3.74 4.16
SD 0.77 2.94 63.18 3.88 1.29 0.56
Table 8 Multilevel model results of holistic scores in Study 2
Model 1 Model 2 Model 3
Null Null + time Null + time + classa
Fixed effects
Level 1 (n = 243) Coefficient (SE) Coefficient (SE) Coefficient (SE)
Intercept (γ00)—initial status 3.75*** (0.07) 3.46*** (0.08) 3.82*** (0.13)
Time (γ10)—rate of change – 0.29*** (0.04) 0.31** (0.07)
Level 2 (n = 81)
Class (γ01)—initial status – – −0.18** (0.06)
Class (γ11)—rate of change – – −0.01 (0.03)
Random effects
Level 1 (n = 243)
Within-student variance (r) 0.34 0.19 0.19
Level 2 (n = 81)
Between-student variance (u0) 0.27 0.38 0.32
Between-student variance (u1) – 0.07 0.07
Chi-square (u0; df) 274.17*** (80) 280.92*** (80) 248.53*** (79)
Chi-square (u1; df) – 138.13*** (80) 137.99*** (79)
Intraclass correlation .44
Reliability
Intercept (β0) 0.71 0.71 0.67
Time (β1) – 0.41 0.41
Model fit
Deviance (# of estimated parameters) 522.55 (3) 470.36 (6) 454.10 (8)
Model comparison test:
Chi-square (df) – 52.19*** (3)c 16.26*** (2)d
AICb 528.55 482.36 470.18
Note. SE = Standard error. aOf the five classes, the highest class was coded as 0 and the lowest as 4. bAkaike Information
Criterion (Deviance + 2*number of estimated parameters). cComparison between Models 1 and 2. dComparison between
Models 2 and 3
The design effect for Model 1 is: 1 + intraclass correlation*([the average sample size within each cluster] − 1)) = 1 +
0.44*([243/81] − 1)) = 1.88. Values over 1 indicate the violation of the assumption of independence of observations and
suggest the need to use multilevel models (e.g., McCoach & Adelson, 2010)
*p < .05; **p < .01; ***p < .001. These notations also apply to Table 9
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significantly different from zero. Time (γ10) was a significant predictor, and the results
indicate that the Criterion® score rose by 0.29 point on average between time points. If
this model is supported, this interpretation holds.
Finally, we added class to the Level-2 model to test its impact on the Criterion®
scores. Model 3 is defined as follows:
Model 3:
Level‐1 Model : CRITERIONij ¼ β0j þ β1j  TIMEij
  þ rij ð6Þ
Level‐2 Model : β0j ¼ γ00 þ γ01  CLASSj
  þ u0j ð7Þ
β1j ¼ γ10 þ γ11  CLASSj
  þ u1j ð8Þ
A sequential comparison of the models using chi-square difference tests (e.g.,
χ2 = 16.26, df = 2, p < .001; see the third row in Model fit in Table 8) shows that
Model 3 best explained the data. The intercept (γ00) was 3.82 and statistically sig-
nificant, meaning that the average Criterion® score at Time 1 was 3.82, and this
was significantly different from zero. Time (γ10) was a significant predictor, and
the results indicate that the Criterion® score rose by 0.31 on average between
time points. Besides the intercept and time, the intercept of class (γ01) was a sig-
nificant predictor. This indicates that the average Criterion® score for each class
Fig. 3 Changes of the means of Criterion® holistic scores and five writing quality scores (for descriptive
statistics, see Table 7)
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at Time 1 differed by 0.18 points (e.g., if the mean of Class A—the best class—-
was 3.76 [see Table 7], the mean of Class B was 3.58 [3.76 − 0.18]). Further, the
slope of class (γ11) was not a significant predictor, indicating that the rate of
change in the Criterion® score for each class did not differ and that students in
all classes generally made small but similar steady progress over time, with a
mean increase of 0.31 between two time points (i.e., between Times 1 and 2 and
between Times 2 and 3). This means that there was a 0.62 [0.31*2] increase over
the 28-week period, but initial differences in classes were retained over time.
Changes in Criterion® writing quality scores (Research Question 3)
In a similar manner to the analyses for Criterion® holistic scores, we tested sequential
models for Criterion® writing quality scores. They corresponded to Models 1 to 3
above, with the only difference being that the dependent variables were not the Criter-
ion® holistic scores, but the aforementioned five variables. Modeling each variable as a
dependent variable in turn, we tested three models for each variable. Due to space limi-
tation, we present only the model that best fit the data for each variable.
As seen in Table 9, for the number of errors per 100 words (accuracy), the best model
included both time and class effects. It further indicates that the average number of
errors per 100 words at Time 1 was 4.48, and that there was a difference of 1.11 be-
tween classes in Time 1. The average number of errors per 100 words did not decrease
over time (nonsignificant −0.65), and the rate of such change did not differ across clas-
ses (nonsignificant −0.28).
For the number of words (essay length), the best model also included both time and
class effects. This model indicates the mean at Time 1 was 208.65 words, it increased
by 34.17 words over time, and there were no differences in the initial mean (nonsignifi-
cant −8.32) and change rate (nonsignificant −4.24) across classes, so students increased
the number of words similarly across classes.
With respect to the number of words per sentence (syntactic complexity), the results
show that the mean at Time 1 was 12.73 words, that the means increased over time by
2.08 words, and that there were no differences in the initial mean (nonsignificant
−0.29). However, the change rate differed across classes (significant −0.44), indicating
that Class A students increased by 2.08, Class B by 1.64 (2.08 − 0.44), Class C by 1.20
(1.64 − 0.44), Class D by 0.76 (1.20 − 0.44), and Class E by 0.32 (0.76 − 0.44).
For the number of transitional words and phrases per 100 words (transition), the
best model included only the intercept, suggesting that the number of transitional
words and phrases per 100 words was initially 3.65 on average, and it did not change
over time.
Finally, for the number of discourse elements (organization), the best model included
only the intercept, suggesting that the number of discourse elements was initially 4.18
on average and it did not change over time.
Discussion
To provide validity evidence for the interpretation and use of Criterion® for assessing
L2 writing proficiency at a university in Japan, we examined three research questions.
The results in relation to the validity argument are summarized in Table 10.
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Table 9 Multilevel model results of the five writing quality scores in Study 2
Error per 100 words No. of words No. of words per sentence No. of transitional words per 100 words No. of organization elements
Null + time + class Null + time + class Null + time + class Null Null
Fixed effects
Level 1 (n = 243) Coefficient (SE) Coefficient (SE) Coefficient (SE) Coefficient (SE) Coefficient (SE)
Intercept (γ00)—initial status 4.48*** (0.56) 208.65*** (11.72) 12.73*** (0.40) 3.65*** (0.12) 4.18*** (0.03)
Time (γ10)—rate of change −0.65 (0.39) 34.17*** (5.71) 2.08*** (0.43) – –
Level 2 (n = 81)
Class (γ01)—initial status 1.11*** (0.26) −8.32 (4.45) −0.29 (0.16) – –
Class (γ11)—rate of change −0.28 (0.17) −4.24 (2.16) −0.44** (0.15) – –
Random effects
Level 1 (n = 243)
Within-student variance (r) 4.45 962.55 3.31 1.25 0.33
Level 2 (n = 81)
Between-student variance (u0) 7.56 2361.17 2.38 0.70 0.0002
Between-student variance (u1) 2.64 253.08 1.67 – –
Chi-square (u0; df) 246.09
*** (79) 319.44*** (79) 150.75*** (79) 216.74*** (80) 71.86 (80)
Chi-square (u1; df) 176.98
*** (79) 123.59*** (79) 162.57*** (79) – –
Intraclass correlation – – – 0.36 0.0006
Reliability
Intercept (β0) 0.67 0.75 0.46 0.63 0.00
Time (β1) 0.54 0.35 0.50 – –
Model fit
Deviance (# of estimated parameters) 1193.68 (8) 2555.23 (8) 1132.04 (8) 821.30 (3) 422.00 (3)
AIC 1209.68 2571.23 1148.04 827.30 428.00













Research Question 1 addressed to what extent Criterion® prompts are similar in
terms of difficulty. This concerned the Generalization inference in Chapelle et al.’s
(2008) and Xi (2010) argument-based validity framework. We found that, despite
statistically significant differences in four prompts, these differences were minor as
seen in fair average scores. This can be used as backing (positive evidence) for the
Generalization inference required for the validity argument and could support gener-
alizing the students’ writing proficiency across prompts.
Research Question 2 asked whether Criterion® holistic scores were positively related
to indicators of L2 proficiency. This concerned the Extrapolation inference in Chapelle
et al.’s (2008) and Xi (2010) argument-based validity framework. We found relatively
weak but positive correlations between Criterion® holistic scores and indicators of L2
general or writing proficiency, which can be interpreted as backing for the Extrapola-
tion inference.
Research Question 3 addressed whether Criterion® holistic and writing quality
scores were able to show changes in writing over time. This concerned the Utilization
inference in Chapelle et al.’s (2008) and Xi (2010) argument-based validity framework.
We observed significant changes in Criterion® holistic scores and scores of text length
and syntactic complexity (i.e., the number of words and the number of words per sen-
tence), and these can be used as backing for the Utilization inference, supporting the
use of Criterion® for detecting changes. Thus, scores derived from Criterion® seem
sufficiently sensitive to reflect changes in students’ writing proficiency in relation to
L2 writing and other instruction of receptive and productive skills (see Instructions
for details).
Additionally, the overall trend of improvement in holistic scores (with the increase of
0.62 [0.31*2 from the Time (γ10) parameter in Model 3] after 28 weeks of instruction)
is in line with previous studies (Hosogoshi et al., 2012; Ohta, 2008a; Tajino et al., 2011).
This score change may appear small but is much larger than differences in prompt
difficulty (i.e., 0.15 difference of Prompts 2 and 4) and thus indicates substantive im-
provement beyond measurement errors.
Regarding how writing quality scores changed in terms of accuracy, essay length,
syntactic complexity, transition, and organization, the results suggest that patterns of
development in writing quality vary across aspects in focus. Firstly, the number of
Table 10 Inferences, warrants, assumptions, and backing in the validity argument for the Criterion®




Backing for the assumption
Generalization Observed Criterion® scores are
estimates of expected scores
over the relevant parallel prompts.
Criterion® prompts are
parallel in term of difficulty.
Significant but minor
differences across prompts.
Extrapolation The construct of L2 writing
proficiency as assessed by
Criterion® accounts for the
quality of linguistic performance
in L2 writing contexts.
Criterion® holistic scores
are related to indicators
of L2 proficiency.
Relatively weak but positive
correlations between
Criterion® holistic scores
and indicators of L2
proficiency.
Utilization Estimates of the writing
proficiency obtained from
Criterion® are useful for
making decisions about








time points in Criterion®
holistic scores, as well as
scores of essay length, and
syntactic complexity.
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errors per 100 words did not significantly improve over time. The lack of improve-
ment in accuracy did not accord well with previous studies (Hosogoshi et al., 2012; Li
et al., 2015).
The essay length increased by 34.17 words on average over time across classes. The
trend of writing longer essays was also reported in Hosogoshi et al. (2012) and Ohta
(2008a, 2008b).
Syntactic complexity as measured by the number of words per sentence improved
over time, which is in line with Hosogoshi et al. (2012) reporting a significant increase
in the number of words per T-unit and that of S-nodes per T-unit. However, faster
improvement in syntactic complexity for students with higher proficiency does not
seem to have been reported in the literature. The fourth subgraph in Fig. 3 shows how
syntactic complexity increased over time. While the Class A and B students consist-
ently increased the complexity, the Class C and E students had a rather flat trajectory.
The number of transitional words and phrases did not increase over time. Transi-
tional words/phrases help to improve transition in essays, and help readers understand
the content easily. However, using more transitional words/phrases may not necessarily
be helpful. Rather, too many transitional markers may look redundant, and are some-
thing that effective writers avoid. This may explain why no change was observed in the
number of transitional words and phrases.
Organization as measured by the number of discourse elements did not improve over
time, which was in contrast to Hosogoshi et al. (2012) and Ohta (2008b). The mean of
4.10 in Time 1 (see Total in Table 7) suggests that students included four elements in
their essay. A close analysis of the typical essays shows that most students wrote a
thesis statement, main ideas, supporting ideas, and conclusion, but introductory mater-
ial was mostly missing, probably because the introductory material is difficult to write
and learn. For example, the Class E teacher reported that she covered how to write
introductory material multiple times by showing her students examples of good intro-
ductions, discussing the characteristics of desirable introductions, and giving written
and oral feedback on writing organization. Many of her students, however, could not
include the appropriate introductory material, although Fig. 3, the sixth subfigure
shows nonsignificant but a small increase in the number of organization elements in
Class E.
Overall, our results suggest that over the 28-week instruction, the students tended to
write more words with more syntactic complexity. Along with these changes in the
essay features, the students were able to attain higher Criterion® holistic scores, at least
in the timed expository writing in the current study.
Conclusion
To explore the validity of the Criterion®-score-based interpretation and use for asses-
sing L2 writing proficiency at a university in Japan, we investigated three perspectives,
each related to an inference in the interpretive argument. First, we found that
prompts differed in difficulty to a minor degree, as the fair average of each prompt
differed little—the largest difference was 0.15 points between Prompts 2 and 4. This
difference does not seem to matter in most cases, but it should be considered when
interpreting small differences. Secondly, Criterion® holistic scores were found to be
correlated positively with indicators of L2 proficiency, suggesting that the holistic
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scores may reflect L2 proficiency in L2 use contexts. Finally, we examined whether
Criterion® holistic and writing quality scores can detect changes after the 28-week
instruction period. The results suggest an improvement in holistic scores, essay
length, and syntactic complexity. Since we obtained backing for the three inferences,
our validation of Criterion® has made substantial progress to eventually argue for the
validity of the interpretation and use based on Criterion® scores in our context.
Based on these findings, pedagogical and methodological implications are offered.
Firstly, pedagogically, our findings can be used as backing for supporting the validity of
the interpretation and use based on Criterion® scores, as explored in the Discussion.
Although this study aims to contribute to a validity argument in our local context,
these findings may be able to serve as evidence or as a benchmark for comparison with
other studies in similar contexts. For comparison, it should be noted that participants
in Study 1 had a wide range of L2 proficiency, whereas those in Study 2 had relatively
high L2 proficiency (e.g., TOEFL ITP® average in Time 1 = 507.71; see Table 5), so those
in Study 2 may not be generalized to typical Japanese university students learning
English as an L2.
Further, our methodological approach, namely, investigation into prompt difficulty
using Rasch analysis and longitudinal examination using multilevel modeling would be
helpful for other similar studies and arguably the strength of our study. According to
Bond and Fox (2015), Rasch analysis enables researchers to estimate test takers’ ability
and task difficulty separately on the same scale and to compare the difficulty of tasks
even when all participants do not take all tasks. It further provides a wide variety of
rich information on test takers, tasks, and an overall test, such as person and task
misfits, measurement errors for each person and task, and person and task reliability,
all of which can contribute to the accumulation of validity evidence in the argument-
based validity framework (Aryadoust, 2009). Multilevel modeling allows researchers to
perform rigorous examinations of longitudinal data while considering the nested struc-
ture, for example, in which scores at three or more time points are nested within
students, and students are nested within classes or schools. This analysis is sufficiently
flexible to allow researchers to examine characteristics of data fully by building models
with intercepts and slopes, both of which can be set at either fixed or random (Barkaoui,
2013, 2014; Cunnings, 2012). The use of Rasch analysis and multilevel modeling would
help conduct a well-organized validation and thorough validity inquiry.
Our results need to be replicated and expanded by considering the following. First,
we used a pretest-posttest design without a control group. We were not able to differ-
entiate the effects of L2 writing instructions from the effects of L2 instructions for
speaking, listening, and reading, and also students’ proficiency levels, teachers’ different
teaching styles, and other extraneous variables. Secondly, we only analyzed holistic and
writing quality scores derived from an automated scoring system. The comparison with
human-rated scores would strengthen the findings and the validity argument, although
previous research suggests high correlations between automated scores and human
ratings (Enright & Quinlan, 2010). Thirdly, further research is needed including various
essay types other than expository essays and focusing on wider aspects of writing
quality using various measures. Finally, we should investigate other perspectives re-
quired to support or refute inferences and to present a convincing validity argument.
Specifically, as we have provided backing for the Generalization, Extrapolation, and
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Utilization inferences, we should in the future examine other areas related to the
Domain representation, Evaluation, Explanation, and Extrapolation inferences, as well
as testing the consequences in the Utilization inference (see Xi, 2010, for specific
questions to be examined).
Appendix
Appendix A
Table 11 Typical example of writing essays that showed longitudinal improvement (written by a
female student in Class A)
Time 1, Prompt 2: Important animal
The most important animal in my country,Japan,is a dog. There are two reasons.
First,dogs are the most popular animal in Japan. I think one of the animals [Possesive errors] people want to
have as a pet is a dog. Many of my friends who have a pet keep a dog. In pet shops, the number of saling
dogs is largest. Judging from these aspects, Japanese [Missing or Extra Articles] people are the most familiar
with dogs in all animals.
Second,a dog is a very useful animal. Dogs have been kept by Japanese people since ancient times such as
yayoi-period. No other animals is [Subject-Verb Agreement] kept by them for such a long time. In those day-
s,dogs helped people with farming and getting foods. This fact shows that ancient people choose a dog as a
useful helper. Still, dogs help many people in many cases. Mainly,dogs help disabled people.
For these reasons,dogs are popular and help p [Other errors]
[Organization & Development: Introductory material and Conclusion were not detected.]; [Repetition of Words:
28 words: animal(s), dog(s), people, helped]; [Passive Voice: Dogs have … yayoi-period.; No other animals …
long time.]
Holistic score = 3; Errors = 3.73; Words = 134; Words/Sentence = 10.4; Transitional words = 2.99; Organization = 3
Time 2, Prompt 3: Living longer
I think the reasons that people are living longer now are the development of medicine and trend of living a
healthy life.
There are many diseases that cannot be cured before World War &#8545 [II: garbled character]; and can be
cured completely now thanks to the development of medicine. I think most [Missing or Extra Article] famous
disease which shows this is cubitous [Spelling]. Before the end of [Spelling]WW& #8545 [II: garbled character] ;
[Extra Comma], many Japanese people died of this disease. The main cause of death in Japan at that time is
said to be cubitous [Spelling]. However, since people study hard about cubitous [Spelling], they discover the
way of curing cubitous [Spelling] and cubitous [Spelling] became a disease which does not kill people. This
discovery contribute [Subject-Verb Agreement] to saving many people’s lives.
Nowadays, more and more people try to eat healthy foods and take exercise moderately. The lifestyle is very
important for your health, so it must be related with how long people live. There are many examples which
shows people consider about living a healthy life gradually. Japanese food is popular among European and
American people. This is because Japanese food is said to be healthy. In fact, the average of life longevity
[Spelling] in Japan is very high. There are many [Missing Final Punctuation]
To sum up, the development of medicine and trend of living a healthy life contribute to people’s living longer.
[Organization & Development: Introductory material was not detected.]; [Repetition of Words: 10 words: people,
people’s]
Holistic score = 4; Errors = 5.61; Words = 214; Words/Sentence = 14.5; Transitional words = 2.34; Organization = 4
Time 3, Prompt 4: Prepare for a trip
I would take my mobile phone. Mobile [Missing or Extra Article] phone is inevitable [Missing or Extra Article]
item for my life. Taking only it with me enables me to do a lot of things.
First, I can contact with my friends or my family frequently although I am away from them. Of course, I can
see many prople [Spelling] and make new friends during my trip, but it is sure that I will feel like talking with
my friend in my hometown. In addition, if my parents have never heard from me for as long as one year, they
may be worried about my safety and health. It is essential that I send a message to my friends and family or
phone them.
Second, if I always take my cell phone with me, I can take a picuture [Spelling] whenever I feel the scenes
beautiful or encounter a very rare scene. Some people say that a camera can take a much better picture than a
mobile pnone [Spelling]. However, as technology is developing, we can take by mobile phone as nice pictures
as by [Preposition Error] a camera.
Third, the application included by a mobile phone shows me a map around where you are and the way to
your destination. Even if I lose my way and cannot know which road I should take, all I have to do is to take
my mobile phone from my pocket. Mobile [Missing or Extra Article] phone leads me to my destination.
For these various kinds of faculty, only [Missing or Extra Article] mobile phone helps me in many situations.
Mobile phones would surely support my long trip.
[Repetition of Words: 62 words: I, take, my, mobile, phone, taking, me]
Holistic score = 4; Errors = 4.15; Words = 254; Words/Sentence = 17.1; Transitional words = 2.76; Organization = 5
Note. Underlined = parts that require some explanation. [ ] = Explanation of errors detected by Criterion®. Bolded =
Transitional word or phrase. Italicized = The authors’ note
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